ABSTRACT Power battery is the core component of electric vehicles, and its characteristics determine the performance of electric vehicles. Lithium-ion power battery is a kind of time-varying nonlinear system, which has different external features under different application conditions and aging state. In order to implement the optimized charging method under changeable application conditions, the estimation of the internal states is extremely necessary. For this purpose, this paper studies the multiple states joint estimation based on the accurate and reliable battery modeling method. First, the modeling of lithium-ion battery and the parameter identification of the models are studied. A parameter identification method is proposed based on forgetting factor recursive extended least square. The battery model's order is based on Bayesian information criterions. Second, multiple states joint estimation algorithm for power battery under charging mode is studied. For the estimated accuracy of the battery's state of charge is associated with the battery usable capacity, state of charge and usable capacity joint estimation algorithm, based on several different order battery models is proposed. State of power estimation algorithm of the battery under multiple factors constraints is proposed based on the solution discrete analysis of the continuous time traction battery differential state equation. Finally, multiple states joint estimation algorithm is achieved. Validation results show that the proposed estimation algorithm can achieve high accuracy. 
I. INTRODUCTION
In the recent years, it has become a common consensus that the electric vehicle is the main direction of the automobile industry [1] - [3] . In order to utilize the electric vehicles more safely and effectively, it is of great necessary to estimate the state of power batteries accurately in real time, which affects the energy flow control strategy of electric vehicle system, and the driver's decision-making [4] . Far longer than the refueling processof the traditional fuel vehicle,which is the main restriction of the development of electric vehicles [5] . At present, charging facilities and electric vehicles is relatively small, which is unable meet the demand of electric vehicles in our country. In order to solve this electric vehicle charging problem [6] , in addition to building electric vehicle charging equipment vigorously and improving the utilization rate of charging equipment,, developing fast charging technology has become an urgent need. At the same time, in the process of the promotion of electric vehicles, The charging accident is frequent, which has aroused more and more attention [7] . Therefore, it is the development direction of electric vehicle charging technology to realize fast and efficient optimization of charging under the premise of security. The charging time and safety of the electric vehicle depend on the electrochemical reaction process of the power battery. The polarization process of battery is an important parameter to reflect the charging state of power battery. It has important research value to effectively adjust the polarization effect of power battery and optimize the charging of lithium-ion power battery [8] . As a time-varying nonlinear system, lithium-ion power battery is obviously affected by the operation temperature and aging state. Which shows different external characteristics under different application conditions. In order to use the power battery more effectively, it is necessary to estimate the state of power battery.The state of power battery includes state of charge(SOC), state of health(SOH) and state of power(SOP). SOC is the characterization parameter of the charge state of power battery, The key indicator to prevent overcharge during the charging process [9] - [12] . The SOP represents the peak power performance of the battery and is an indicator of the maximum charging/discharging capability of battery. It is also an important basis for power distribution management of electric vehicles and determines the acceleration performance and braking energy recovery performance of the electric vehicle. SOC estimation algorithm mainly includes: amperehour integral algorithm, open circuit voltage algorithm and advanced estimation algorithm. As a classical SOC estimation algorithm, ampere-hour integral is widely used in BMS, the main problem is the existence of cumulative error [13] . Open circuit voltage method is a static estimation method and does not apply to dynamic conditions.The advanced estimation algorithm has the disadvantage of highly depend on the precision of battery model [14] , [15] . Based on the on-line identification of battery model parameters, the joint estimation of the SOC and SOH of the battery at different time scales is carried out at Nanyang Technology University in Singapore [16] . The main feature of this method is the on-line identification algorithm of battery model parameters, which effectively reduces the influence of temperature, charge and discharge condition and aging condition on the accuracy of state estimation [17] . In general, the SOC estimation method based on the relationship between battery characteristic parameters and SOC mapping has the advantages of simple and easy to implementation. The disadvantage is that it is not conducive to online SOC estimation.
SOP estimation is based on equivalent circuit model, because that the equivalent circuit model has the advantages of easy analysis, and SOP is closely coupled with other battery state, which affected by the battery application under uncertain conditions, so it is difficult to accurate estimate [18] . Jolliffe et al. [19] , Xiong et al. [20] of Beijing Jiaotong University applied Adaptive Unscented Kalman Filter (AUKF) to battery SOP estimation, model parameters are identified by the forgetting factor based on least squares method. The Idaho National Engineering and environmental laboratory estimated the SOP based on battery Rint model, HPPC test is used to obtain the voltage and internal resistance parameter of battery, In order to use the power battery more effectively, the method is simple and easy to achieve, but it ignores the sampling time constraints by SOC, which is easy to cause SOP overestimation.
The research of state estimation algorithm for lithium ion power batteries is mostly based on the dynamic characteristic of battery [21] . The dynamic characteristics of the power battery can be Identified under these conditions, The online parameter identification algorithm can quickly get the accurate parameters of battery model, so that the state estimation algorithm of power battery can achieve convergence fastly [22] - [24] . But the characteristics of power battery can not be fully demonstrated in a more stable charging condition. Compared with the severe change or discharge condition, the measurement noise of the stable charging condition will cause more disturbance to the model parameter identification. The accuracy and robustness of the state estimation algorithm for power battery under charging mode is further deeply affected. In practical applications, the power battery is affected by various application conditions and operating temperature [25] - [29] . There will be various side reactions inside the power battery, resulting in the attenuation of power battery capacity. If SOC is defined based on the nominal capacity, it will lead to a gradual decrease with the decrease of capacity. Therefore, it is more important to estimate the state by usable capacity (C u ) of power battery. In this paper, in view of the coupling between battery SOC, C u and SOP, which is based on the on-line identification of circuit model parameters.
The rest of this paper is organized as follows. In Section 1, introduction of battery model. In Section 2, model identification are detailed. In Section 3, joint estimation of SOC, C u and SOP. Section 4 presents the experimental setup and experimental details for algorithm verification. Experiments are carried out on lithium-ion battery. The major conclusions are drawn in Section 5.
II. BATTERY MODEL
The establishment of a battery model is the basis for estimating the state of the battery. In the process of charging and discharging, the polarization of the battery are mainly includes: ohm polarization, concentration polarization and electrochemical polarization.
A. THE ESTABLISHMENT OF BATTERY MODEL
As show in figure 1 , U oc denotes the open circuit voltage, R s denotes the equivalent resistance, corresponding with the ohm polarization of the battery, C dl denotes double layer capacitance, corresponding with the concentration polarization of battery, R t denotes charge transfer resistance, n − RC denotes the hysteresis effect of electrochemical polarization, When model order n = 0, battery circuit model is transformed into a classical Thevenin model. The accuracy and complexity will increase with the model order n. Concerning about the compromise of the accuracy of battery model and the complexity of the algorithm, the models when n = 0, 1, 2 are studied in this paper.
When n = 0, battery model state equation:
When n = 1, battery model state equation:
When n = 2, battery model state equation:
When n = 0, 1, 2, battery model observation equation:
B. MODEL ANALYSIS
Based on Kirchhoff's voltage law, the mathematical relationship between battery terminal voltage and battery current in the complex frequency domain is as follows:
By establishing battery circuit model, functional relation between input variables and output variables is expressed using the state variables of the battery. Thus, based on battery circuit model, the internal state of the battery can be estimated by the input and output parameters of the battery.
Where U L denotes the voltage across the equivalent impedance of the battery, U oc denotes the open circuit voltage of the battery. Therefore, the battery model transfer function is:
By using the bilinear transformation method, the system is mapped from s to Z domain, and the discrete operation is carried out. The equation for mapping s plane to Z plane is as follows:
Where t denotes the sampling time interval of the system. Generally, the open circuit voltage profile varies with SOC, operating temperature T, aging state SOH. However, the t is relatively short, so the following assumptions are made at n t time.
1) The change of SOC is approximately 0.
2) The change of temperature T is approximately 0.
3) The change of SOH is approximately 0. Therefore, at n t time, the change of battery open circuit voltage is approximately 0, as show in equation (10) .
The battery terminal voltage at k time can be expressed as:
Where a i (i = 0, 1···n) denotes the parameter of the battery model. By using the battery model parameter identification method, the model parameters can be obtained.
III. PARAMETER IDENTIFICATION
Lithium-ion power battery is a time-varying system.In this paper, the forgetting factor recursive extended least square (FFRELS) algorithm is used to identify the model parameters.
FFRELS combined with forgetting factor recursive least squares method (Forgetting Factor Recursive Least Square, FFRLS) and the recursive extended least squares method (Recursive Extended LeastSquare, RELS), inherited the advantages of FFRLS and RELS algorithm, can solve The ''data saturation'' problem, which improves the accuracy of parameter identification.
A. IDENTIFICATION ALGORITHM BASE ON FFRELS
The discrete complex frequency domain transfer function based on the equivalent circuit model of lithium-ion power battery is used to identify the model parameters using the FFRELS algorithm.
Equation (11) is converted into the form of the matrix:
The measurement equation can be expressed by:
Where e k indicates the colored noise of the battery system:
Where ξ k and ξ k−1 are the input system data matrix of the system, the battery system equation is as follow:
Where˜ k is an augmented data matrix,θ k is an augmented parameter matrix. Because ξ k and ξ k−1 in˜ k can't be measured, there use estimated valuesξ k andξ k−1 instead of them:
Whereˆ k is an augmented data matrix withξ k−i instead of ξ k−i ;θ k is the estimated value of the augmented parameter matrix.According to the exponential forgetting method, the performance index of FFRELS is set as follows:
Where λ is a forgetting factor (0 < λ ≤ 1), in this paper, λ = 0.99. L is size of filter window, when the equation (23) is the minimum, the parameter matrix of the battery system is the optimal estimation. This method applies the time-varying weighting coefficient to the test data, the latest data are 1 weighted, the data of the previous n sampling period is weighted by λ n . In order to realize on-line and real-time identification of battery model parameters, the above algorithm must be transformed into a recursive algorithm, and the recursive least squares algorithm is derived to get the FFRELS recurrence equation.
B. ORDER SELECTION OF BATTERY MODEL
Based on the above model parameter identification algorithm, the model parameters must be identified and the model order of the battery must be determined. The higher the order of the battery model, the higher the accuracy of the model, the more complicated the calculation process. Therefore, it is necessary to optimize the order of the battery model. In this paper, Bayesian Information Criterions (BIC) is used to select the optimal order of the model. It is the standard to evaluate the comprehensive optimal allocation, which is the weighting function of the model fitting precision. In this paper, the simplified BIC is as follows:
The length of the data is expressed as the number of the parameters of the battery model. The first item on the right of equation (27) indicates the effect of the order of the model on the computational complexity, and the effect of the sample capacity is introduced for the penalty coefficient. The second item on the right side of the equation (27) represents the prediction accuracy of the model. By comparing the BIC value of the battery model, the smallest order of the BIC is selected as the optimal order.
IV. JOINT ESTIMATION OF BATTERY STATE A. MODIFIED ADAPTIVE UNSCENTED KALMAN FILTER ALGORITHM
First, the mathematical description of the dynamic battery system is linearized. The traditional Adaptive Unscented Kalman Filter (AUKF) algorithm requires the square root operation of the covariance matrix, the premise of the square root operation is that the covariance matrix is symmetric and semi-positive.
the improved Gram-Schmidt algorithm to the square root calculation of covariance matrix have been introduced. This algorithm is base on the analytic form of discrete time domain from the model of battery equivalent circuit. Potter algorithm is used to update the square root of covariance matrix, and the improved application of AUKF algorithm is realized, which is Modified Adaptive Unscented Kalman Filter (MAUKF).
Taking one order equivalent circuit as an example, the MAUKF algorithm is as follow.
The system equation:
Where k is the observation time, x is the battery state vector, u is the system input vector, y is the system observation value, ω k−1 is the system white noise, v k is the observation white noise, and A, B, C, D are the matrix coefficient composed of the battery model parameters.
The steps of the MAUKF algorithm are as follows: 
(2) The priori estimation of time updates from(k − 1)
Where n is the dimension of the state vector of the battery model, and κ can adjust the estimated mean and covariance of the state of the battery model.
The sigma point symmetric sampling strategy is adopted, and the corresponding weighting coefficients is shown as follows:
b) State estimation time updating of battery model The priori estimation of the state of the battery model:
The prior estimation error covariance of the state of the battery model:
T is orthogonal matrix. X is n × n order matrix, and the equation (34) is established.
By the definition of the square root operation of the matrix, X is the square root of the P − k , S − k = X. The improved Gram-Schmidt algorithm is introduced to solve the X, and the following calculation steps are carried out fork = 1, · · ·, n.
iii) ifk < n, Computing F (k+1)
d) Battery model output estimation
(3) Posterior estimation to implement the measurement update of time k − to time k + Based on the principle of Calman filter, the measurement of battery model state is updated:
Updating the covariance square root of the state estimation error of the battery model by Potter algorithm:
(4) Adaptive noise covariance matching 
B. JOINT ESTIMATION OF SOC AND C u
As is shown in figure 2 U oc can be expressed by the following equation:
Where U oc is the battery open circuit voltage, and C u is battery available capacity, and T is battery operating temperature.
The parameter T can be regarded as a known parameter, because it can be directly measured by BMS. The equation(43)can be converted to:
The joint estimation of SOC and C u is finding the state point in figure 2 that makes the output of battery equivalent circuit model coincide with the measured data.Therefore, C u is used as the internal state of the power battery and integrated into the state space equation of the equivalent circuit model of battery, so that the joint estimation of SOC and C u can be realized based on the MAUKF algorithm. Taking the equivalent circuit model of one-order power battery model, the discrete time system equation is as follow:
The coefficient matrix A, B, C, D, the battery state vector is x k , the system input vector is u k (46), as shown at the bottom of this page.
C. JOINT ESTIMATION OF SOC AND SOP
SOP is the maximum charge or discharge power, the battery can absorb or release within specified time. This article only considers the SOP under charge mode. SOP is described by the maximum charge current of the power battery. According to the equation, it is known that the open circuit voltage of the power battery is as follow.
Therefore, for the estimation of SOP under the charge mode, the maximum value of battery current i L,k is solved on the premise of satisfying the equation (47) (i L,k > 0 in charge mode).
Substitution the equation (47) into the equation (48):
The application of Taylor expansion to the last polynomial of the equation (49).
the system sampling time t is very small in practical application, so the last item can be ignored.
Substitution the equation (50) into the equation (51):
The system equation of the dynamic battery model can be expressed as:
Where • (U dl ) represents the corresponding elements of U dl in the matrix vector. For the 0 order dynamic battery model:
In this paper, based on the one-order equivalent circuit model of battery, SOP is studied. Due to difficulties in resolving the above i L,k , the continuous time state equation of the one-order equivalent circuit model based on the power cell is analyzed.
in the discrete time system, the equation (56) can be transformed into:
The expression of the equation (57) is replaced by the equation (48) and the expression of the k moment can be obtained:
∂SOC SOC=SOC k−1 and so on are fixed values. Peak current i L,k entirely depends on the maximum value of the U t,k at the k moment.
For a specific type of power battery, the charging cut-off voltage U tmax is a fixed value, so the peak charging current for the battery at the k time is:
At the same time, under battery charging mode SOP is also constrained by the maximum SOC. If battery is charged with the maximum charging current at the sampling time interval, at the next sampling point, it is possible that SOC exceeds the maximum limit. Therefore, SOP estimation is restricted to the maximum SOC. Under this constraint, SOP is the maximum charging current that can be charged to battery within a single sampling interval t, which is expressed by the following equation. Where SOC max = 1.
The peak charging current of battery is constrained by three aspects:1. The maximum peak current i L,k,max based on the observation equation of the battery system. 2. Maximum peak current i SOC L,k,max based on maximum SOC state constraint of power battery. 3. Maximum charge current upper limit value i max based on technical parameter of battery. Therefore, the expression of the peak charge current obtained is as follows:
D. JOINT ESTIMATION ALGORITHM OF BATTERY SOC AND SOP
The joint estimation algorithm of battery SOC and SOP can be summarized as follows:
(1) Data acquisition The operation data and operation temperature of power battery are collected. Based on figure 2 , the open circuit voltage characteristic database of different aging states of the power battery is obtained, and a two-dimensional control table of SOC and open circuit voltage parameters of VOLUME 6, 2018 power battery at corresponding operating temperature is obtained.
(2) Model parameter identification Obtaining dynamic battery model parameters by on-line parameter identification algorithm.
(3)Joint estimate SOC and C u Based on the discrete time state space observation equation of the different order equivalent circuit model, the MAUKF algorithm is used to estimate SOC and C u . BIC evaluation criterion is applied to joint estimation of SÔC (i) andĈ u,(i) based on the estimated different order equivalent circuit model.The joint estimated value SÔC andĈ u were obtained.
(4) U oc joint estimation Based on the BIC evaluation criteria, U oc is identified by on-line parameter identification algorithm.
(5) SOP estimation The estimatedî Cha k,max of the peak battery charging current can be obtained by applying the RC parameters, SÔC,Û oc andÛ dl derived from the online identification of model into the equation (60), (61), (62).
(6) Time updating Joint estimation value of SÔC andĈ u are taken as the initial value of the next step, return to step (1) , and the next round of the joint estimation of SOC, C u and SOP is carried out.
V. SIMULATION VERIFICATION
The schematic diagram of a power battery test system is illustrated in figure 3 . It includes a host computer, programming and data storage. A multi-channel Arbin BT2000 tester for charging / discharging battery and a Hardin HLT702P-F high and low temperature test equipment for controlling the ambient temperature. There are 4 independent charging/discharging control channels in Arbin BT2000. Each channel can charge / discharge within 50A. The voltage range is 0∼5V, and the accuracy is 0.02%∼0.05%, the temperature range of Hardin HLT702P-F is −70 • C∼150 • C, the control accuracy of temperature is 0.5 • C. In this study, the lithium-ion battery which has been cycled for 400 times are selected to validate the effeteness of the algorithm. As show in figure 4 . According to the basic performance test, the capacity of battery is 49.34Ah.
The referenced SOC and C u are used to evaluate the accuracy of the proposed method. The Constant Current (CC) charging method is highly reliable to obtain the reference SOC. The test battery is set to initial SOC. To achieve this, the battery is fully charged with the constant-currentconstant-voltage (CCCV) method and relaxes for 3 h. Following that, the battery is discharged using a small current to initial SOC. After that, the hybrid current pulse is inputted to the test cell and the corresponding terminal voltage is recorded. In a similar way, the battery is discharged using a small current to cut-off voltage, and the release energy is the reference C u . the joint estimation of SOC and C u is verified by test. The initial SOC is set to 0.5, and the initial capacity is set to 45Ah. The results is as show in figure 5 . It can be seen that the estimated value of SOC can quickly converge, and the joint estimation of battery SOC is always the best.
As show in table 1, SOC estimation error of different order model based joint estimation algorithm are analyzed. When the algorithm converges, the maximum error is within 3%. The mean square error is less than 1.6%, and the average estimation error is within 3%. Therefore, the joint estimation algorithm of SOC and C u is effective. Based on different order battery models, C u estimation value is illustrated in figure 6 . The C u estimation value by using joint estimation algorithm can achieve fast convergence and always keeps the best. C u estimation error analysis is illustrated in table 2. The maximum error is within 4%, the mean square error is within 2.6%, the mean estimation error is less than 3.7%. Therefore, the joint estimation algorithm is effective for the C u estimation. Based on different order battery models, U oc estimation values is illustrated in figure 7 . Where batteryÛ oc is the online identification parameter and joint estimation value interpolation. It can be seen that the accuracy of U oc has been significantly improved compared with other estimation methods, the maximum estimation error is 12.5mV, the average estimation error is 6.35mV. Therefore, the joint estimation algorithm is effective for the U oc estimation. Finally, based on different order battery models, SOP estimation value is illustrated in figure 8 . where U tmax = 3.65V , i max = 2 × C u = 98.68A. SOP estimation value is shown in figure 8 . Based on the maximum SOC constraint of battery, the peak charging current first increases, and then decreases, which is due to the error caused by the convergence in the initial stage of the algorithm. From figure 8 , it can be seen that the peak charging current of battery in this mode is unable to reach the charge multiplying rate of the 2C, where 2C is charging current out of rated limit based on technical parameter of battery.
VI. CONCLUSION
The joint estimation of SOC, C u and SOP based on the equivalent circuit model is studied in this paper. Aiming at dealing with charging safety problem of battery discrete time system, combined with the constraints of battery observation equation, the maximum SOC and battery technology parameters, the joint estimation algorithm of SOC, C u and SOP is proposed to estimate the peak battery charging current in the sampling interval. For the estimated accuracy of SOC VOLUME 6, 2018 and SOP is associated with C u , joint estimation algorithm based on several different order battery models is proposed. multiple states joint estimation algorithm is achieved. Validation results show that the proposed estimation algorithm can achieve high accuracy.The algorithm designed in this paper can provide some guidance for the actual application of the state estimation method on electric vehicle battery management system.
